Obesity prevalence among US children and adolescents has tripled in the past three decades. Consequently, dramatic increases in chronic disease incidence are expected, particularly among populations already experiencing health disparities. Recent evidence identifies characteristics of "obesogenic" neighborhood environments that affect weight and weight-related behaviors. This study aimed to examine associations between built, socioeconomic, and social characteristics of a child's residential environment on body mass index (BMI), diet, and physical activity. We focused on pre-adolescent children living in New Haven, Connecticut to better understand neighborhood environments' contribution to persistent health disparities. Participants were 1048 fifth and sixth grade students who completed school-based health surveys and physical measures in fall 2009. Student data were linked to US Census, parks, retailer, and crime data. Analyses were conducted using multilevel modeling. Property crimes and living further from a grocery store were associated with higher BMI. Students living within a 5-min walk of a fast food outlet had higher BMI, and those living in a tract with higher density of fast food outlets reported less frequent healthy eating and more frequent unhealthy eating. Students' reported perceptions of access to parks, playgrounds, and gyms were associated with more frequent healthy eating and exercise. Students living in more affluent neighborhoods reported more frequent healthy eating, less unhealthy eating, and less screen time. Neighborhood social ties were positively associated with frequency of exercise. In conclusion, distinct domains of neighborhood environment characteristics were independently related to children's BMI and health behaviors. Findings link healthy behaviors with built, social, and socioeconomic environment assets (access to parks, social ties, affluence), and unhealthy behaviors with built environment inhibitors (access to fast food outlets), suggesting neighborhood environments are an important level at which to intervene to prevent childhood obesity and its adverse consequences.
Introduction
Obesity among US children and adolescents has tripled in the past three decades (Ogden et al, 2010) . Consequently, dramatic increases in chronic disease incidence are expected, particularly among populations already experiencing health disparities. Indeed, large racial/ethnic disparities emerge at very young ages and exist even among children of the same socioeconomic status (SES), with largest disparities seen among non-Hispanic black girls and Mexican-American boys (Wang & Beydoun, 2007) . Despite many programs to prevent childhood obesity, the US did not come close to achieving its Healthy People 2010 objective of reducing the proportion of obese children to 5% (US DHHS, 2000) . As a result, Healthy People 2020 goals are more modest: to reduce obesity by 10% (US DHHS, 2011) .
To intervene effectively to prevent obesity, particularly in vulnerable disparity populations, a deeper understanding is needed of the multilevel factors associated with obesity and associated behaviors. Body weight is determined by a multitude of factors, including genetics and biology (Carnell & Wardle, 2008; Mitchell, groups who live and work in a neighborhood (Yen & Syme, 1999) . Sampson, Morenoff, Earls (1999) ; Sampson, Raudenbush, and Earls (1997) theorized that neighborhoods in which residents interact positivelydby forming social ties and engaging in collective behavior that establishes norms, reciprocity, trust, and collective actiondcan provide a safe, healthy, and positive environment for children. The result may be an established neighborhood social order, with active support (and correction) of children's behaviors by adults in the community. Neighborhood-level social support (Buka et al, 2003) , cohesion (Duncan & Mummery, 2005) , trust (Subramanian, Kim, & Kawachi, 2002) , and social capital (Kim, Subramanian, Gortmaker, & Kawachi, 2006) have been associated with health status, obesity, and physical activity behaviors among adults. Few studies explore these relationships in younger age groups. One study of child obesity found that favorable neighborhood social environment was a stronger predictor of physical activity than the built environment (Franzini et al, 2009) .
Limitations of previous studies
The built, socioeconomic, and social characteristics of a neighborhood environment co-occur. For example, the built environment of wealthier neighborhoods is more likely to be supportive of healthy lifestyles, including greater access to supermarkets and a wider variety of foods (Popkin, Duffey, & Gordon-Larsen, 2005) . However, with few exceptions (e.g., Franzini et al., 2009; GordonLarsen et al., 2006; Merchant, Dehghan, Behnke-Cook, & Anand, 2007; Oreskovic, Winickoff, et al., 2009; Veugelers, Sithole, Zhang, & Muhajarine, 2008) , scarce research has simultaneously examined more than one dimension of neighborhood environment with child obesity. To understand the influence of neighborhood context on childhood obesity, we must measure and understand the influence of multiple distinct domains. Moreover, many studies in this literature use nationally representative data sources, which do not allow for the application of locally meaningful context and data to inform interpretation of findings.
Moreover, the vast majority of neighborhood effects research has been conducted with adults (Popkin et al., 2005; Xue, Leventhal, Brooks-Gunn, & Earls, 2005) . Less is known about how children younger than adolescents interact with and are influenced by their residential environments (Kimbro, Brooks-Gunn, & McLanahan, 2011; Veitch et al., 2011) . Thus, the relationship between neighborhood environment with obesity and related obesogenic behaviors among pre-adolescent children remains relatively unexplored. Prevention efforts may be particularly appropriate for this pre-adolescent group because children begin to develop independent dietary and exercise habits during these years (Raynor et al, 2009 ), while obesity rates nearly double (CDC, 2011) .
Current investigation
This study aimed to identify characteristics of residential neighborhood environment related to children's BMI and obesityrelated behaviors, including frequency of healthy and unhealthy eating, frequency of physical activity, and amount of screen (e.g., television, computer) time. We explored features of the built environment (e.g., access to green space), socioeconomic environment (e.g., neighborhood-level deprivation/affluence), and the social environment (e.g., social ties, safety) to determine whether these distinct dimensions of neighborhood environments were associated with each outcome above expected individual-level determinants. Our study extends the current literature by including pre-adolescents living in an urban setting experiencing severe and persistent socioeconomic and health disparities. We also aimed to contribute to the literature by including objectively measured BMI, reported health behaviors, and locally collected multilevel predictor variables that capture a full range of residential neighborhood factors.
Based on previous literature and informed by the socioecological perspective, we hypothesized that: 1) BMI and obesityrelated behaviors would correlate negatively with neighborhood concentrated disadvantage and positively with neighborhood concentrated affluence; 2) BMI and obesity-related behaviors would correlate positively with neighborhood built assets (e.g., park space, grocery store access) and negatively with inhibitors (e.g., access to fast food and junk food); and 3) BMI and obesityrelated behaviors would correlate positively with neighborhood social ties and perceived safety, and negatively with crime incidence.
Methods

Study setting
Data came from the larger Community Interventions for Health chronic disease prevention study conducted by the Yale School of Public Health's Community Alliance for Research and Engagement in partnership with the New Haven Public Schools (Duffany et al, 2011; Santilli, Carroll-Scott, Wong, & Ickovics, 2011) . The setting is New Haven, CT, a city with a population of approximately 125,000 that experiences significant socioeconomic and health disparities, particularly when compared to Connecticut as a whole. For example, 24% of New Haven residents live below the poverty level, compared to 9% statewide and 3% in New Haven's wealthier suburbs (US Census, 2005e2009 ). The population is predominantly composed of racial/ethnic minority subgroups: 39% Black/African American and 23% Hispanic/Latino (US Census, 2005e2009). New Haven residents experience risk of illness, disability, and mortality 1.5e7 times higher than others in the state (e.g., Yousey-Hindes & Hadler, 2011) .
Data sources
Two study samples were used in this multilevel study: 1) a sample of fifth and sixth grade students (level 1), and 2) the New Haven neighborhoods in which these students live (level 2). Each sample is described below.
Individual-level student data
Data were collected in fall 2009 from twelve K-8 schools randomly selected from the total of 27 K-8 schools in the district. Yale University's Institutional Review Board and the school district approved all study procedures. Child assent and parental consent were obtained. Data collection methods included health surveys and physical measures, which were then linked to school district administrative data.
All 1312 enrolled fifth and sixth grade students from the 12 schools in the 2009e2010 school year were eligible and invited to participate. Two percent of their parents chose not to permit their participation in the study (n ¼ 26), and 15% were absent on either day of data collection (n ¼ 192). Forty-six more lacked information required for geocoding residential neighborhood. Therefore the final student sample for this analysis was 1048.
Health surveys were surveyor-administered during regularly scheduled media classes of the non-remedial 5th and 6th grade classes. Trained research staff read the survey aloud while children followed along and confidentially entered their responses on their own desktop computers via a Survey Monkey online survey (Surveymonkey.com, LLC; Palo Alto, CA). Additional staff checked for understanding and answered questions, particularly for students with limited literacy.
Student physical measurements were obtained by trained research staff in private. Height and weight were measured according to the World Health Organization Expanded STEPS protocol (WHO, 2008) . A standardized stadiometer (Charder Electronic Co., Ltd., Taiwan) and electronic flat scale (Seca Co, Hamburg, Germany) were used to measure height to the nearest half-centimeter and weight to the nearest tenth of a pound.
Student demographic characteristics and physical fitness test scores were extracted from school district data systems and merged via student identification number to survey and physical measures data. Demographic data is collected by the school district and maintained for each student. The physical fitness tests are conducted in PE classes with each student as a part of the Connecticut Physical Fitness Assessment Program (CT State Department of Education, 2009).
Neighborhood-level data
Although there has been methodological debate as to the precision of census tracts in capturing locally meaningful boundaries and neighborhood-level constructs (Diez-Roux, 2003; Pebley & Sastry, 2004) , in New Haven census tracts are closely aligned with locally-derived neighborhood boundaries. Therefore, census tracts were used as the neighborhood unit of analysis in this study. The analytic sample of neighborhoods included 25 of the 29 total census tracts in New Haven. Four tracts were excluded because each contained no more than one student from our sample. The remaining 25 tracts contained between seven and 105 students, with a mean of 42 students.
All individual-level student data were linked to neighborhoodlevel data by geocoding student home addresses and assigning each student to 2000 US Census tract boundaries via census tract identifiers (FIPS codes) using ArcGIS software (Esri Ò , Redlands, CA). These census tract identifiers were then used to merge studentlevel data to neighborhood-level data gathered at the tract level for this study: US Census, retailer, parks, and crime data. 2000 US Census data were downloaded from American Factfinder (US Census Bureau, 2000) for each of the 25 census tracts. Built environment data included retailer and parks data. City retail data came from the 2009 data package of Esri's Business Analyst (Esri, 2009) , which extracts business data from a comprehensive list of businesses licensed from Infogroup, Inc. (Papillon, Nebraska). These retailer data include business name, geocoded location, franchise code, and North American Industry Classification System (NAICS) codes. We gathered Infogroup data with NAICS codes related to diet and exercise (e.g., stores, restaurants, gyms). Retailer categorization was further informed by prior asset mapping and store inventories conducted by CARE in summer 2009 in New Haven (Santilli et al., 2011) . Due to the lack of produce-only stores, limited seasonal farmers markets, and evidence from store inventories (Santilli et al., 2011) , we used access to grocery stores as an indicator of access to healthy food choices. Convenience stores were the measure of access to junk food, as prior store inventories also demonstrated these "corner stores" in New Haven mostly sell high fat/salt/sugar foods (Santilli et al., 2011) . Parks data were obtained from New Haven Department of Parks, Recreation and Trees as both parcel and point data. Crime data came from the New Haven Police Department in a data sharing agreement with DataHaven (New Haven, CT), with de-identified incidents from 2002 to mid-2010 scored to the highest offense using Federal Bureau of Investigation Uniform Crime Report codes (FBI, 2011) .
All retailers, parks, and crime incidents were geocoded using the Streetmap North America address locator (Premium package, Arc-GIS 10, Esri, Redlands, CA), and then assigned to census tracts. For retailers, we included a 20-m buffer around tract boundaries to capture establishments on opposite sides of a street where tract borders follow street routes.
Study variables
The five study outcomes of interest, all continuous and observed at the individual student level, included: BMI, frequency of eating healthy foods, frequency of eating unhealthy foods, frequency of exercise, and number of hours of weekday "screen time". The primary explanatory variables are grouped into built environment, socioeconomic environment, and social environment variable categories, and are observed at either the student or neighborhood level.
Student outcome variables
Body mass index (BMI). Objectively measured heights and weights were used to calculate BMI (weight in kg/height in m 2 ) for each child, a well-established measure of child adiposity (Pietrobelli et al., 1998) . For descriptive purposes only, absolute BMI scores were converted to age-and gender-adjusted percentiles (Kuczmarski et al, 2002, 246) to classify Institute of Medicine BMI risk categories (i.e., healthy weight, overweight, obese) (Koplan, Liverman, & Kraak, 2005) . However, the continuous absolute BMI measure was selected as the outcome variable for further analyses e rather than BMI percentiles or risk categories e to enable the exploration and straightforward interpretation of gradient relationships with independent variables. Absolute BMI does this better than BMI percentiles in our sample since numerous BMI percentile values in this sample were near the upper bound, above the 95th percentile, where differences in absolute BMI between percentiles are much greater than at the 50th percentile (Chiolero, Maximova, & Paradis, 2008) . To account for differences in BMI by age and gender, these covariates were included in analyses.
Healthy and unhealthy eating scales. Students were asked questions regarding the number of days per week they eat certain types of foods (adapted from the World Health Organization's Health Behavior in School-Aged Children Collaborative Cross-National Study). We summed responses to four healthy food items (vegetables, fruits, whole grains, nuts/beans) into an additive "frequency of healthy eating" scale, and responses to four unhealthy food items (fast food, foods high in salt and fat, sweets, sugar-sweetened beverages) into a similar "frequency of unhealthy eating" scale. Both ranged from 0 to 28.
Physical activity. Students answered the Patient-Centered Assessment and Counseling for Exercise (PACE) physical activity frequency item, "In the past week, how many days did you exercise for at least 30 min (walking, playing, sports, gym class)" (Patrick et al, 1994) . This item was modified to 30 min from 60 min for comparison purposes for the international Community Interventions for Health study (Duffany et al., 2011) , and the resulting continuous variable represents number of days.
Sedentary behavior. Students answered the question, "On school days, how may hours do you usually watch TV, play video games, and spend time on the computer for fun? (adapted from Modifiable Activity Questionnaire for adolescents, Aaron et al., 1995) . This continuous outcome variable is number of hours of screen time.
Student control variables
Demographic characteristics. Demographic controls included age, race/ethnicity, sex, and qualification for free/reduced school lunch program. Although school lunch eligibility is not an ideal measure of SES (Harwell & LeBeau, 2010) , it is was our best available measure of family socioeconomic status and is used frequently in student studies (e.g., National Center for Education Statistics, 2007). A single food insecurity item adapted from the Child Food Security Survey Module yielded an additional measure of family SES as well as an important nutrition indicator: "Since school started, were you ever hungry, but didn't eat, because there wasn't enough food at home?" (Connell, Nord, Lofton, & Yadrick, 2004 
Neighborhood built environment variables
Perceptions of park access. Students indicated their agreement (1 ¼ strongly disagree, 5 ¼ strongly agree) with the statement, "there are playgrounds, parks, or gyms close to my home or that I can get to easily" (PACE, Patrick et al., 1994) .
Walking distance variables. Distances between students' homes to the nearest grocery store, convenience store, fast food restaurant, and park were calculated using 3 ArcGIS methods: Euclidian (as the crow flies), shortest network path (walking), and fastest network path (driving) (Apparacio et al., 2008) . Shortest network paths were ultimately used because they make most sense in these dense urban neighborhoods, and were attributed to individual students. Distance of one-half mile represents about a 10-min walk.
Tract-level built environment variables. Tract-level counts were calculated by summing the number of grocery stores, convenience stores, fast food restaurants, and parks within each tract and 20-m buffer. Percent of each tract covered by park space was calculated using parcel data.
Neighborhood socioeconomic environment variables
Because of New Haven's stark socioeconomic disparities, and drawing on prior work demonstrating unique effects of both extreme tails of the neighborhood socioeconomic spectrum, we used U.S. Census Bureau data to create separate tract-level factor weighted scales of concentrated disadvantage and affluence, based on established scales used in previous studies of child well-being (e.g., Sampson et al., 1999) . Indicators of concentrated disadvantage included percentages of residents living below the poverty line, unemployed, households receiving public assistance, and female-headed households. Indicators of concentrated affluence included percentages of residents 25 years or older with a college education, households with high income, and residents who hold executive or professional jobs.
Neighborhood social environment variables
Neighborhood social ties. Students' answered three survey items: "How many of the grown-ups in your neighborhood do you know?"; "How many of the kids and teens do you know?"; and, "Now think about your closest friends, do any of them live in your neighborhood?" (adapted from Los Angeles Family and Neighborhood Survey, Sastry, Ghosh-Dastidar, Adams, & Pebley, 2006) . Categorical answers were summed to create an additive scale of peer and intergenerational ties represented at the student level, ranging from 0 ¼ knows no adults/kids & teens/friends, to 5 ¼ knows most.
Neighborhood safety scale. This scale captured perceived safety in general, as well as neighborhood safety directly related to ability to play or exercise outside. Items included, "Do you feel safe in this neighborhood?" (Sastry et al., 2006) , and three items that asked students to rate how much they agree with the following statements: "It is difficult to walk or jog in my neighborhood because of things like traffic, no sidewalks, dogs, and gangs"; "It is safe to walk or jog in my neighborhood during the day"; and, "It is not safe to be physically active because of fear of strangers in my neighborhood" (PACE, Patrick et al., 1994) . The resulting scale represented at the student level ranges from 1 ¼ not safe, to 5 ¼ very safe.
Neighborhood crime. Two tract-level variables were created from the 2002e2010 aggregated incident codes consistent with previous criminology and health literature: total number of violent crimes and property crimes.
Statistical analysis
Descriptive statistics were calculated for BMI and behavioral outcomes, demographics and other student covariates, and neighborhood-level predictors. Multilevel modeling was used to account for multiple levels of effects tested (Subramanian, Jones, & Duncan, 2003) . To account for clustering due to school-stratified design, cross-classified random effects models were used. This meant that individual-level data were modeled at level 1 and crossclassified within both neighborhoods (tracts) and schools at level 2. Including schools in level 2 accounts for the clustering, however no school-level explanatory variables were included in estimated models since we were only interested in neighborhood-level characteristics in this analysis. All five outcome variables were continuous. Key independent variables and covariates included both continuous and dichotomous variables, as per descriptions above. A guided selection process was used to model build, with the goal of creating the most parsimonious models as possible to explain the five outcome variables. First, key individual-level control variables (gender, black race, Latino ethnicity, free/ reduced lunch eligibility) were added in a single-level simple linear regression model. Then all other a priori individual-level variables were added to the model. Via backwards stepwise Ordinary Least Squares model selection, we removed variables (other than key control variables) with the highest p-value one by one, until only key control variables and variables with p < 0.05 remained. Then neighborhood-level variables were added to the model following the same procedure where key neighborhoodlevel control variables (percent black residents, percent Latino residents, concentrated affluence, concentrated disadvantage) were added first and kept in the final model throughout the stepwise backwards elimination procedure. Maximum likelihood method was used to estimate model parameters. All analyses were conducted using Stata 12 (StataCorp, 2011). Table 1 shows characteristics of the analytic sample of 1048 students. Mean age is 10.9 years. There is a slightly larger proportion of girls than boys (52.4% vs. 47.6%) than would be expected from district-wide frequencies (49.4% vs. 50.6%). Our sample is predominantly represented by US minority subgroups: 48.9% Latino, 40.7% black. Nearly 40% of respondents speak a primary language other than English at home. This sample has low socioeconomic status: 76.9% of the students' families qualified for free or reduced priced lunch, and 10.5% reported food insecurity.
Results
Description of student participants
Forty-five percent of children were at a healthy weight; over half were overweight (18.1%) or obese (28.9%). Students reported an average of 4.7 days per week that they exercised >30 min per day, and 28.9% passed all four CT physical fitness tests. An average of 2.4 h of screen time were reported for weekdays, more than the American Academy of Pediatrics' recommendation of <2 h per day (Council on Communications and Media, 2011).
Description of neighborhood environments
Descriptive statistics for individual-level variables relating to neighborhood environment are shown at bottom of Table 1 . Respondents' perceived access to parks, playgrounds, and gyms is 3.9 on the scale from 1 (little access) to 5 (good access). For 37% of children, the nearest grocery store is more than one half-mile away, whereas half of respondents have a fast food outlet and 69% have a convenience store within one-quarter mile. Students report an average of 3 neighborhood social ties and perceive their neighborhood as being somewhat unsafe. Table 2 shows neighborhood characteristics for the 25 tracts in the sample. Features of the built environment included a mean of nearly 7 fast food outlets and 5 convenience stores per tract, compared to 2 grocery stores. An average of 13% of tracts were covered in green space. Mean percent of Latino and Black residents per tract is 24.8% and 39.4% respectively. An average of 17.3% of tract residents experience socioeconomic disadvantage. Average concentrated affluence is higher, demonstrating that about a quarter of tract residents occupy higher socieconomic positions. Results of multilevel modeling Table 3 shows results of multilevel, cross-classified random effects models predicting our five continuous outcomes: BMI, healthy eating, unhealthy eating, physical activity, and weekday screen time. All models control for individual-level (black, Latino, female, school free/reduced lunch eligibility) and neighborhood-level socio-demographic variables (percent black, percent Latino, concentrated affluence, concentrated disadvantage), while adjusting for school-stratified sampling design.
Higher BMI (Model 1) was significantly associated with living more than a half mile from the nearest grocery store and living in neighborhoods with more property crimes. Healthy eating (Model 2) was significantly associated with greater perceived access to parks, playgrounds and gyms, higher concentrated affluence, living in a tract with fewer fast food outlets, and more neighborhood social ties. Unhealthy eating (Model 3) was significantly associated with greater density of fast food outlets in the tract, less concentrated affluence, and more neighborhood social ties. Physical activity (Model 4) was significantly associated with greater perceived access to parks, playgrounds, and gyms, and more neighborhood social ties. Finally, more screen time (Model 5) was associated with less neighborhood concentrated affluence.
Discussion
This study contributes to the wider social science and public health literature on links between neighborhood characteristics and child obesity by demonstrating that indicators of three neighborhood environment domains e built, socioeconomic, and social e are associated with BMI, diet, and physical activity in pre-adolescent children. In short, social and built attributes of the students' residential neighborhoods were associated with weight and physical activity, whereas socioeconomic environment was not. Indicators of all three neighborhood environment domains influenced healthy and unhealthy eating behaviors. Concentrated affluence had a protective effect on behavioral outcomes, whereas concentrated disadvantage was not significantly associated with any of our obesity outcomes.
As documented in similar US (Kipke et al, 2007) and New Zealand (Day & Pearce, 2011) urban environments, New Haven is a city with few opportunities for buying healthy food relative to unhealthy food, evidenced by lack of grocery and produce stores and a preponderance of convenience stores and fast food outlets. Children living more than a half mile from the nearest grocery had a higher BMI than peers who lived within a half-mile of a grocery store. Although convenience store access was not associated with diet or BMI, likely due to near-universal access citywide, proximity to a fast food outlet was significantly and negatively associated with BMI and diet. Results confirm previous evidence from a growing literature of US (e.g., Borradaile et al., 2009; Leung et al., 2011) and international studies (e.g., Chiang et al., 2011; Harrison et al., 2011) that child diet and BMI are influenced by easy access to stores and restaurants selling unhealthy items.
Consistent with two recent US systematic reviews (Ding, Sallis, Kerr, Lee, & Rosenberg, 2011; Safron, Cislak, Gaspar, & Luszczynska, 2011) , better neighborhood access to parks, playgrounds and gyms was associated with more frequent physical activity. However, our findings showed that perceived access was more important than objective measures of park access (tract-level park count, distance to nearest park, percent of tract covered by parks) for children this age. These findings suggest that children's perceptions of access may be more closely associated with use than mere proximity, perhaps explaining previous lack of evidence of relationships between mapped parks and healthy weight (Potwarka et al., 2008) . Although we did not hypothesize any relationships between park access and diet behaviors, we found an association between park access and healthy eating. This may suggest that children with easier access to safe places to play and exercise have more positive health experiences that impact other behaviors, or provide alternatives to loitering at a convenience store or fast food outlet. Or, perhaps, children in neighborhoods with better park access have healthier diets due to shared predictors not accounted for in our analysis. Further research is needed to replicate this finding with other samples and to explore directionality and causality.
The concentration of affluent neighbors had a protective effect, positively associated with healthy eating, and negatively associated with both unhealthy eating and screen time. The presence of affluent neighbors may bring resources to neighborhoods that influence child obesity (Brooks-Gunn et al., 1997) . Alternatively, consistent with the social contagion model (Christakis & Fowler, 2007) , neighborhoods with more highly-educated adults may have a normative culture that promotes healthy lifestyles, including leisure time physical activity and healthy eating (Wen, Browning, & Cagney, 2007) . Our findings are aligned with a recent study in Thailand that found associations between neighborhood wealth and child obesity risk (Firestone, Punpuing, Peterson, AcevedoGarcia, & Gortmaker, 2011) , yet contrary to a recent study in England that found no protective effect among more affluent microlevel contexts (Edwards, Cade, Ransley, Clarke, 2010) . These mixed results demonstrate the need for more US evidence and the importance of separately examining both affluence and deprivation.
Finally, neighborhood social environments were associated with BMI and its related health behaviors among children in this age group. Higher BMI was significantly associated with property crimes, consistent with theory and evidence that neighborhoods characterized by high property crimes experience a lack of social order (Sampson et al., 1999) . This suggests a similar social disorder effect may be occurring among younger residents in high-crime environments. Despite the origins of these social order theories in US urban environments, recent international studies (e.g., Huynh, Dibley, Sibbritt, Tran, & Le, 2011; Serene, Shamarina, & Mohd, 2011) have shown similar relationships between neighborhood safety and body weight. It is interesting to note that in our sample violent crime incidents and the subjective measure of perceptions of neighborhood safety had no association with obesity outcomes, despite prevailing community concerns at the time related to increased neighborhood violence.
Students who reported more neighborhood social ties reported more frequent eating of healthy and unhealthy food items, and more days of exercise during the week. This finding may suggest that children who know more friends and other kids in the neighborhood are more likely to eat socially with them, whether the food is healthy or not. Results also suggest that children with more cohesive neighborhood social networks exercise more frequently, a finding confirming a recent study that parentreported perceptions of neighborhood collective efficacy were associated with more outdoor play and less television watching among younger children (Kimbro et al., 2011) . Interestingly, social ties had a stronger effect in our study than that of perceived neighborhood safety. It may be that the presence of peers and friends in the neighborhood either mitigates concerns about neighborhood safety or is related to these perceptions.
This study had some methodological limitations. Given the breadth of our data, we were not always able obtain in-depth measures on all relevant factors. We had limited measures of family socioeconomic status and tract-level social environment measures, including no adult measures of social cohesion or collective efficacy. We had no indicator for student immigrant status. Behavioral indicators like 24-h dietary and physical activity recalls would also have strengthened the study. 2000 census data was used because more recent 2005e2009 American Community Survey estimates and 2010 decennial census data were not available at the time. However, we consider this strength in study design as it allowed us to explore the temporal relationship between 2000 neighborhood socioeconomic characteristics and 2009 outcomes. Longitudinal studies should focus on how neighborhood socioeconomic environment changes that occur as a result of the economic recession beginning in 2007 affect later obesity outcomes. Finally, our data are cross-sectional, therefore caution needs to be taken when interpreting these findings. However, this crosssectional exploration of neighborhood environment domains with child obesity is an essential first step to inform future research that should examine these relationships longitudinally to test causality, directionality, and potential mechanisms. These next steps are necessary to elucidate a conceptual model that builds upon the socioecological perspective by differentiating how neighborhood social-spatial forces shape child obesity.
Despite these limitations, this study builds upon prior research by focusing on a pre-adolescent cohort of at-risk youth seldom included in prior studies and using multiple data sources, including objective indicators of BMI, the built environment, and crime incidents. Moreover, our results extend previous literature by examining multiple dimensions of neighborhood environments simultaneously within a single US geographic context, as done in recent Canadian studies (e.g., Merchant et al., 2007; Veugelers et al., 2008) , demonstrating that distinctive environmental domains have independent relationships with different child obesity outcomes. Although our results are seemingly generalizable only to similar US urban neighborhood contexts, we argue that within such high-risk environments are clues to multiple mechanisms linking neighborhood environments with the problem of childhood obesity that is growing in diverse US and international contexts.
These findings identify neighborhood contextual factors that are more mutable than macro socioeconomic forces and have been shown to change relatively quickly as a result of policies and programs (Samuels et al, 2010) . For example, these findings suggest the need for interventions that take advantage of pre-adolescent peer networks and norms on healthy behaviors, or zoning policies that restrict density of food outlets selling unhealthy items. To effectively address the current obesity pandemic, our findings reinforce the need for sustainable, locally-meaningful programs and polices that go beyond individual-level behavior change approaches to provide safer, healthier neighborhood environments for children to thrive and grow into healthy adults.
